Abstract-To target tumor hematogenous metastasis and to understand how leukocytes cross the microvessel wall to perform immune functions, it is necessary to elucidate the adhesion location and transmigration pathway of tumor cells and leukocytes on/across the endothelial cells forming the microvessel wall. We developed an algorithm to classify and quantify cell adhesion locations from photomicrographs taken from the experiments of tumor cell/leukocyte adhesion in individual microvessels. The first step is to identify the microvessel by a novel gravity-field dynamic programming (DP) procedure. Next, an anisotropic image smoothing suppresses noises without unduly mitigating crucial visual features. After an adaptive thresholding process further tackles uneven lighting conditions during the imaging process, a series of local mathematical morphological operators and eigenanalysis identify tumor cells or leukocytes. Finally, a novel double component labeling procedure categorizes the cell adhesion locations. This algorithm has generated consistently encouraging performances on photomicrographs obtained from in vivo experiments for tumor cell and leukocyte adhesion locations on the endothelium forming the microvessel wall. Compared with human experts, this algorithm used 1/500-1/200 of the time without having the errors due to human subjectivity. Our automatic classification and quantification method provides a reliable and cost effective approach for biomedical image processing.
INTRODUCTION
Tumor metastasis through blood and/or lymphatic circulations is widely recognized as the critical component in tumor malignancy. 3, 7 Targeting tumor metastasis is thus highly required in cancer treatment.
Tumor cell adhesion to the microvasculature, and extravasation into the stroma of target organs are two steps during tumor hematogenous (through blood circulation) metastasis. 12, 13 However, the preferential locations of tumor cell adhesion to and transmigration across the endothelial cells forming the microvessel wall remain unclear. Do tumor cells prefer to adhere to and transmigrate across the cell body or the joints between adjacent endothelial cells? To develop effective therapies targeting at tumor adhesion and transmigration, one needs to first classify and quantify the preferential locations of tumor adhesion to and transmigration across endothelium lining the microvessel wall. Another equally important question concerns the preferential pathway for circulating leukocytes to cross the microvessel wall to perform their normal immune functions in the infected tissues. Previously, human operators classify and quantify cell adhesion locations via eyeballing and tape measuring. 4 ,2 However, to obtain significant results, many photomicrographs need to be analyzed with tens to hundreds of adherent cells in each photomicrograph. These adherent cells are of different types and sizes. In addition, other innate difficulties are present, such as uneven illuminations during the imaging process and serious systematic/random noises. All these combined make the human-based data classification and quantification exceedingly difficult, time-consuming, errorprone, and thus unsustainable. Computer assistance is hence necessary in dealing with this big and noisy data problem.
To automatically classify and quantify cell adhesion locations on endothelium, the first step is to segment out the region corresponding to the microvessel where the endothelial cells, tumor cells or leukocytes of interest are located. Based on the special properties of microvessel walls and cell borders, a novel gravity-field dynamic programming (DP) procedure is formulated. Next, a series of anisotropic smoothing, adaptive thresholding, mathematical morphology operators, eigenanalysis, and local topological analysis using a novel double component labeling procedure, are employed to determine cell adhesion locations. Empirical results using this algorithm have consistently shown encouraging performances in classifying and quantifying both tumor cell and leukocyte adhesion locations from the photomicrographs obtained from in vivo experiments.
MATERIALS AND METHODS

Gravity-Field Dynamic Programming Procedure for Microvessel Segmentation
The tumor cell adhesion image in a single perfused microvessel was obtained using the same method as described in Cai et al. 2 To identify the locations of adherent tumor cells, silver staining was applied to the individually perfused microvessel to illustrate the junctions of endothelial cells forming the microvessel wall. 14 To classify and quantify cell adhesion locations, human operators first evaluated the area of the microvessel with adherent cells. For a photomicrograph as depicted in Fig. 1 , a gray-scale (one-byte, eight bits, of levels ranging from 0 to 255) one of height 354 pixels and width 709 pixels, if done by a human operator, s/he needs to trace the boundary of the microvessel by eyeballing first, and then manually measure the height h i 's of the microvessels at several horizontal positions i. The area of this microvessel is approximated by the product of the average h i and the total width of the photomicrograph. To better estimate the area, more h i 's are needed, which requires more time and efforts from human experts. Thus the first task of this work is to automate this procedure. Although only the area subtended by the microvessel is currently required, the retrieved shape of a microvessel, with details in its global and local geometry and topology, will be of potential application in future biomedical studies.
Human operators identify the microvessel boundaries due to the following common properties of the boundary pixels:
1. They run from the photomicrograph's left to the right side and roughly connect continuously with possible noises; 2. They are darker than those non-boundary pixels, thus having smaller intensity values; 3. They are the pixels of smaller gray scales closest to the photomicrograph's two horizontal sides, whereas others are cell boundaries inside the microvessel.
These three properties dictate the design of a new segmentation algorithm to automatically reproduce human operator's process. Property 1 demands that either of the two target boundaries, once identified, is a linked path, 5 i.e., adjacent pixels along either path should have minor intensity differences, ranging from the left photomicrograph boundary to the right one. Because ''darker'' pixels have small intensities close to 0, Property 2 requires that pixels along the ideal path should have small intensity values. Suppose I is a photomicrograph with height m and width n, L is a sequence of n pixel coordinates along a possible path, that is, L[i] = (x i , y i ) is the image coordinate of the ith pixel along a possible path L, where x and y axis are respectively along the horizontal (from left to right) and vertical (up to down) direction with the origin located at the upper left corner of the image. Then the optimal boundary of length n, denoted by B n , is defined below
where
jis the absolute intensity difference between two adjacent boundary pixels; lðL i ½ ; L i À 1 ½ Þ indicates the geometric distance between two pixel locations. According to Property 1, the following causal geometric distance 5 is needed:
The three terms on the right hand side of Eq. (1) reflect the requirements demanded by Properties 1 and 2. The target function dictated by Eq. (1) can be rewritten as the sum of the first n 2 1 points and the last point L[n] on B n . Next, define B n21 q as the optimal path of length n 2 1 ended at point q, one of the m points in column n 2 1 of photomicrograph I, with minimized value v n21
where L n21 q is any possible path of length n 2 1 ended at q. After some simple algebraic manipulations, Eq. (1) is changed to the following equivalent form: 
where i ranges from 1 to n 2 2. and thus B n . This is a typical DP procedure. 8 Property 3 of the boundary pixels states that the microvessel boundaries should present themselves near the upper and lower horizontal boundaries of the photomicrograph. To encode this property, the objective function in the DP procedure should reward paths that are close to two horizontal boundaries, and penalize otherwise. For example, to search for the lower boundary, instead of using only the gray-scale intensities I(L[i]) as the self-energy of each path pixel, the lower horizontal side of the photomicrograph is treated as the horizon of the Earth. Consequently each pixel within the photomicrograph has a ''weight'' term W(L[i]) induced by this ''gravity-field'':
where c is a constant simulating the gravity constant. The value of c is highly dependent on the imaging process and noise levels in the photomicrograph, which is selected after an offline training (Parameter learning from sample photomicrographs section) or on-line readjustments on the photomicrograph.
e., the height or vertical distance from the lower side of the photomicrograph. Equation (5) mimics the gravity energy m * g * h in mechanics, where m = 1, g = c. The resulting optimality function is rewritten as,
The general recursive equation Eq. (4) can be similarly rewritten. This additional weight due to the induced gravity field drags the smooth shortest path from the center of the microvessel in the middle panel of Fig. 1 toward the authentic boundary. The same method was used to detect the upper boundary except that the photomicrograph was flipped upside down before performing the DP procedure based on Eq. (6) . By automatically reproducing human operator's process, this gravity-field DP procedure identified the two boundaries of the microvessel, as depicted on the right panel of Fig. 1 . The upper and lower boundaries are colored by green and blue for ease of visualization. In contrast, without inducing the gravity field, the ''boundary'' detected by the DP procedure dictated by Eq. (4), shown in Fig. 1b , is not correct. A straightforward image pixel counting procedure evaluates the precise area in-between these two boundaries, which yields significantly better estimates of microvessel areas than a human operator's measurements. The formulation and development of this algorithm goes along the same line as the content-aware image resizing in computational photography 1 where DP is the main workhorse in search of the global minimum. 
The Cell Adhesion Location Classification and Quantification Algorithm
After automatically singling out the microvessel from the photomicrograph, we classified the adherent tumor cells/leukocytes locations as on one cell, at the joints of two, three, and four endothelial cells forming the microvessel wall. In order to account for those tumor cells/leukocytes adhering at the microvessel boundaries, the microvessel region was extended by five pixels beyond each boundary.
PDE-Based Anisotropic Image De-noising
The first step in any visual object detection procedure is image cleaning or de-noising, 6 otherwise many false positives and negatives of endothelial borders and tumor cells/leukocytes will induce false results. To clean up photomicrographs without unduly compromising strong edges and compact regions of endothelial cell borders and tumors/leukocytes, a de-noising step other than conventional Gaussian smoothing is necessitated. The anisotropic smoothing can satisfy the needs. This approach suppress smoothing operations along the normal direction of edges and object boundaries. The corresponding controlling PDE is given below:
where div is the divergence operator; ÑI is the gradient of image I; and a() is a decreasing function, of which a typical choice is defined in the following form:
where k is a controlling constant, ordinarily ranging from 0.01 to 0.1, used to decide the magnitude of smoothing. In a region of weak high frequency energies, rI j j is small and makes Eq. (7) a Gaussian diffusion. In contrast, in regions with large rI j j, i.e., those close to endothelial cell borders and/or tumor cells/leukocytes, a rI j j ð Þ % 0, thus no smoothing is conducted. Therefore the selective, or anisotropic, smoothing is achieved. In consequence, the valuable endothelial cell borders and/or tumor cells/leukocytes boundaries are preserved after this anisotropic smoothing step.
Adaptive Threshold to Tackle Uneven Illuminations
To classify and quantify tumor cells/leukocytes and their adhesion locations, the gray-scale image needs to be converted to a binary one to apply mathematical morphological operations. In the photomicrographs measured in terms of micrometers, the illuminations received by different regions are uneven. In Fig. 2 , the mid-left region of the photomicrograph is brighter than other regions, especially the right half. The binary (or logical) image generated by the original Otsu's threshold is demonstrated on the middle panel. The weaker illumination on the right side of the photomicrograph makes many background regions falsely classified as foreground ones (dark ones). This makes it extremely difficult to classify and quantify border geometry/ topology of tumor cells/leukocytes and endothelial cells. The adaptive thresholding approach works by making a more humble assumption in determining the threshold: the illumination is assumed constant only in a small window. A pixel p is labeled as foreground only if its value is larger than the statistics c of a local window w p centered at p, in this work c is chosen to be the mean value of w p minus the window size l of w p . 5 The binary image produced by the adaptive thresholding procedure is shown on the right panel of Fig. 2 , where the varying illuminations present in the original photomicrograph are effectively removed.
Adherent Tumor Cell/Leukocyte Detection
Most mathematical morphological operators such as component labeling, image erosion, dilation, closing, area opening, and watershed 5 are the workhorses in detecting adherent tumor cells/leukocytes from the binary (logical) image produced by the preceding adaptive thresholding step.
The right panel of Fig. 2 shows that two outstanding heuristics can distinguish adherent tumor cells/ leukocytes from other foreground regions (in dark), which survive the adaptive thresholding:
1. Unlike noises that happen to survive the adaptive thresholding step by chance, adherent tumor cells/leukocytes have areas significantly larger than 0. 2. Unlike endothelial borders that are ordinarily long and thin, the tumor cells/leukocytes are more like disks.
To materialize the first heuristic, an image closing operator using a disk-shaped structural element 10 is performed to remove foreground regions with the area less than a prescribed threshold d 1 . To realize the second heuristic, an image erosion operator using a diskshaped structural element is conducted to remove foreground pixels whose local neighbors are usually smaller than this element.
Besides the desirable clear individual tumor cells/ leukocytes, two other possible regions may pass the preceding two steps: (a) two or more connected tumor cells/leukocytes, or (b) noisy regions or cell borders of thick width that cannot be removed entirely by the erosion procedure. The water-shed procedure 5 can handle large patches for case (a) transform the binary blobs to topological reliefs, and then compute the water-shed lines, which separate boundaries of the formerly connected tumor cells/leukocytes. Heuristic 2 can address the trouble posed by case (b): the soughtafter tumors/leukocytes are approximately like disks whereas those thick noisy patches and thick cell borders have extremely elongated shapes. This can be identified by eigenanalysis: first conduct singular value decomposition (SVD) 9 for each patch M:
where U and V T are the left and right matrices of eigenvectors, respectively; and the diagonal matrix P has two eigenvalues k 1 and k 2 , which are the magnitudes of the major and minor axes of the covering ellipse. Heuristic 2 demands that for authentic tumors or leukocytes the ratio of k 1 over k 2 should be close to 1. Conversely for an elongated shape, this ratio will be far larger than 1. In the experiments, the threshold is set at 2: a blob is declared a tumor cell or leukocyte if k 1 /k 2 < 2, removed as non-tumor cell/leukocyte otherwise.
Tumor Cell/Leukocyte Adhesion Location Classification by Local Analysis
The last step is to designate the adhesion location of tumor cells or leukocytes: on one cell, or at the joints of two, three or four endothelial cells forming the vessel wall. A novel double component labeling procedure is formulated toward this end. From the binary image obtained from ''Adaptive threshold to tackle uneven illuminations'' section, this procedure analyzes each tumor cell/ leukocyte identified by the preceding step to decide the number of endothelial cell borders, if any, that touch a tumor/leukocyte. For each tumor cell/leukocyte T, adhesion location is analyzed on a square window W T centered by the centroid of T of side 5*k 1 , k 1 being the estimated major of T from the SVD procedure Eq. (9) .
First, a component labeling procedure 5 is conducted for all pixels inside W T . The component labeling procedure merges connected pixels into one region based on a neighborhood system, where the 8-neighborhood system is chosen in the experiments. Next, all foreground pixels in components different from T are removed because they do not touch T at all. Keep in mind most foreground pixels connected to tumor cells/ leukocytes are endothelial cell borders except some noises, thus they are the basis to further decide the adhesion location of tumor cell/leukocyte T.
To decide the number of endothelial cell borders that touch T, the region corresponding to tumor cell/ leukocyte T is removed from the image resulted from the preceding procedure, which likely separates the originally connected components. To determine the number of endothelial cell borders, a second application of the component labeling procedure is needed. The number of connected components from this round of labels finally decides the number of endothelial cells where the tumor/leukocyte T is located. To avoid the negative impacts of noises, before counting the final number of endothelial cell borders, all isolated components with the size less than 5 are removed by the image closing operator. T's locations are declared according to the following rule:
(1) T is designated as on one endothelial cell if the number of components is zero or one, that is, after removing T, all components are of negligible size (£5). (2) T is labeled as at the joints of two endothelial cells if the number of connected components is two, that is, T cuts through one endothelial cell border thus T's removal yields two connected components. (3) T is labeled as at the joints of three and four endothelial cells, respectively, if the number of components is three and four, correspondingly, given that in total three/four endothelial cell borders are identified after removing T.
In Fig. 3 , the step-by-step results generated by the double component labeling procedure are illustrated. 
The Proposed Cell Adhesion Location Classification and Quantification Algorithm
The proposed algorithm for a given input photomicrograph I of height m and width n is summarized below.
Algorithm cell adhesion location classification 1 Step 1. Call the gravity-field DP procedure (Gravity-field dynamic programming procedure for microvessel segmentation section) for input photomicrograph I based on Eqs. (5, 6) to generate microvessel mask M, and J = M¢ * I, where M¢ is an expanded M with an additional narrow band added on lower and upper ends of M.
Step 2. Conduct anisotropic smoothing (PDEbased anisotropic image de-noising section) for J using Eqs. (7, 8) to get a smoothed image K.
Step 3. Perform adaptive thresholding (Adaptive threshold to tackle uneven illuminations section) on K to get a binary image L. In
Step 1, the gravity-field DP procedure is in O(m * n). The anisotropic smoothing step again is in linear order with the number m * n of pixels. Adaptive thresholding in Step 3 applies for each pixel in its local constant-size windows, hence also in the order of O(m * n). Steps 4, 5 and 6 analyze local neighborhoods of constant sizes for each tumor cell/leukocyte, thus again invoking at most O(m * n) computations. The endothelial cell borders and adherent tumor cells at the not well-focused layer of the vessel have smaller intensity (or degree of darkness) than those at the wellfocused layer, our adaptive thresholding step and the ensuing image opening and size filtering can effectively reduce the false counting problem due to this cause. Therefore, the proposed algorithm in total has an O(m * n) time complexity, namely, a k * m * n time is needed, k being a certain constant. However, because of the several iterations of Step 2 and many local windows in Step 3, k-heavily depending on the number of detected adherent tumor cells/leukocytes-is of considerable magnitude. The proposed algorithm thus cannot deliver real-time performances. To process a photomicrograph of dimension 354 by 709 with more than 200 tumor cells or leukocytes, the algorithm implemented in MATLAB spends 10.3 s on a Dell Precision M6600 laptop.
Parameter Learning from Sample Photomicrographs
In this algorithm, the classification performances rely on the optimal choices of several crucial parameters: the gravity constant c in Eq. (5), controlling constant k in Eq. (8) , window size l of w p in ''Adaptive threshold to tackle uneven illuminations'' section, and area threshold d 1 in ''Adherent tumor cell/leukocyte detection'' section. These parameters cannot be fixed for all photomicrographs or selected entirely in a heuristic manner. Conversely, they should be tuned or adapted under different imaging settings such as different illuminations, sample sizes and image resolutions. This desirable adaptivity was achieved in this work by an offline parameter searching procedure for sample photomicrographs using ground truths, a typical hyper-parameter optimization process in machine learning: from hundreds of photomicrographs taken under the same imaging conditions, a typical one (or two if the number of similar photomicrographs is more than 100, the second serves as the cross validation data) is chosen randomly as the training data from this set of photomicrographs. Human operators evaluated the ground truths used in the ensuing parameter learning procedure. Two different approaches were employed based on the different natures of the parameters in question.
(1) For the parameters unrelated to others, the linear or sequential parameter searching is applied to make the optimal choice. As an illustration, to find the best c, call the gravity-based DP procedure by looping for c ranging from a small value, e.g., 0.1, to a large value, e.g., 2.5, with step size 0.1. The c that induces the smallest error from the two known boundaries in the ground truth is the selected one. If the possible ranges are large (cases we have not encountered), a hierarchical search can be invoked: first conduct a loop for c goes from 0 to 100 (for example) by step size 10; if the smallest error occurs at 30, then another loop sets c from 25 to 35 with step size 1. Continuing in this manner, the c value for any possible precision can be selected. Since each call of the algorithm costs about 10 s, it takes several minutes to find the optimal value for one parameter. (2) If it is suspected that some parameters are correlated, then a grid search is conducted, where the grid is formed by the Cartesian product of all correlated parameters. The optimal choice is the point in this parameter space that yields the best performance judged by the ground truth. The grid search takes longer time than the linear search.
After this offline parameter learning procedure for sample photomicrographs (for the photomicrograph shown in Fig. 4 , c = 0.6, k = 1 30 , l = 7, and d 1 = 30, all using approach (1)), the learned parameters then plug in the classification algorithm conducted on other photomicrographs with similar imaging conditions.
RESULTS
Classification and Quantification of Tumor Cell
Adhesion Location
Determination of the Ground-Truth
To evaluate the performance of the proposed algorithm, human experts need to first generate the ground truth. To do this, three human experts were asked to independently evaluate one photomicrograph. Each expert evaluated the same photomicrograph three times at different days without cross-reference to the previous results. Each expert gave his/her own average classification results. The ground truth was the average of these three individual averages after a discussion among human experts. We believe that the ground truth determined in this way may considerably reduce the human bias. Table 1 demonstrates the tumor cell adhesion location classification results produced by these three experts for the same photomicrograph shown in Fig. 4 , where the designations of true positive, false positive and false negative are based on the ground truth. Table 1 indicates the interpersonal variation due to different human operators. Even for the same opera- tor, the classifications reported in different days are different. Table 2 tabulates the quantification results by one expert (Expert 1) reported in three independent evaluations. Table 2 shows the intrapersonal variation, which is less than the interpersonal variation. However, both intra-and inter-personal variations are inevitable due to human subjectivity.
To gauge the goodness of a classifier, three classifier quality measures are popularly used: (a) Precision: the probability of classified instances that are correct. (b) Recall: the probability of correct instances that are identified by the classifier. (c) F 1 score: the harmonic mean of precision and recall.
The average values for the corresponding precision, recall and F 1 scores for the three evaluators are shown in Table 3 . In the Expert 1 column, the individual values for the three evaluations are also listed in the parenthesis. Figure 4 illustrates the cell adhesion location classification results by the algorithm, the microvessel (outside regions are colored in cyan for better visualization) generated by the gravity-field DP procedure that closely follows the ground truth measured by human experts. The area due to the gravity-field DP procedure is 99.03% of the ground truth, which only misclassified a small cell in the middle right of the upper boundary. In contrast, the ratio received from crude tape measuring by averaging three human operators' evaluations are 105.5, 98.8, and 95.6%, respectively.
Classification and Quantification Results by the Algorithm
For the photomicrograph shown in Fig. 4 , the algorithm detects that there are 1 tumor cell on one endothelial cell, 151, 48, 25 tumor cells at the joints of two, three, and four endothelial cells, respectively. These statistical quantification results closely approximate those produced by human operators. Table 4 demonstrates the results compared with the ground truth. The corresponding precision, recall and F 1 score are 0.92, 0.85, and 0.89, respectively, which are indistinguishable from those attained by the three human experts, as listed in Table 3 .
From Tables 1, 2 , 3, 4, the quantification and classification results delivered by the proposed algorithm are slightly worse than those by the best human expert, they are better than, or at least comparable to those by one human expert (Expert 2). Tables 1, 2 , and 3 demonstrate that the intra-and inter-personal variations are inevitable when human operators perform the classification for the same task. However, those errors due to human subjectivity can be completely avoided if we use the proposed algorithm. In addition, the entire classification procedure takes the laptop (specified in the end of ''The cell adhesion location classification and quantification algorithm'' section) merely 9.16 s. In such a short time, human operators cannot single out these 238 tumor cells from a noisy and unevenly lighted photomicrograph, letting alone categorize their adhesion locations. The same classification process for Fig. 4 took the three human experts about one and half hours on average.
Classification and Quantification Results for Multiple Test Photomicrographs
To further examine the performance of the proposed algorithm, five experiments were conducted on five microvessels that were taken under different imaging conditions. For each microvessel, four photomicrographs were collected 4,2 generating a total of 20 photomicrographs. Figure 5 summarizes the corresponding tumor cell adhesion location classification and quantification results for these 20 photomicrographs. Figure 5a compares the area ratios computed by the proposed algorithm and those by three human experts. The human-based measures, the right three, have much larger fluctuations compared to that by the algorithm, which is tightly clustered around 99%.
In Fig. 5b , boxplots for precisions, recalls and F 1 scores, respectively, summarize the tumor cell adhesion location classification results produced by the algorithm and three experts. The classification results delivered by the algorithm is comparable with human experts-well within the subjective error margin due to human subjectivity. Hence for all these 20 cases the proposed algorithm consistently attains desirable results. The time consumed by each of the 20 classifications and quantifications ranges from 3.6 to 11.0 s. While for human experts, the average time ranges from 0.5 h to close to 2 h.
Classification and Quantification of Leukocyte Adhesion Location
The proposed algorithm was also applied to the photomicrograph showing endothelial cell boundaries and adherent leukocytes from a segment of a single perfused venular microvessel in the rat mesentery. 14 The figure in Zeng et al.
14 was first converted to the gray-scale format. Because many leukocytes in their original micrographs are transparent, to fit in the algorithm, a Hough transform based circle searching algorithm locates and fills in the apparently small adherent leukocytes. The left panel of Fig. 6 shows the resultant gray-scale image. For this photomicrograph of size 574 by 998 pixels, by the same laptop, the time consumed is 8.9 s, which is slightly less than the preceding tumor adhesion case. This is because in this photomicrograph, fewer adherent leukocytes are present, namely, 71 vs. 238. Specifically, there are 0 adherent leukocytes on one endothelial cell (red), 33 adherent leukocytes at joints of two cells (green), 14 and 24 adherent leukocytes at joints of three (blue) and four cells (yellow), respectively. The ground truth for this photomicrograph is derived by the same method described in ''Determination of the ground-truth'' section. The average processing time taken by the three human experts on this photomicrograph is around 35 min.
The following observations from Fig. 6 are in order:
1. The microvessel boundaries detected by the gravity-field DP procedure partially reproduce the ground truth provided by Zeng et al., 14 but by a small margin. The upper boundary is perfect, whereas in the lower boundary two segments around the mid region are missed. Because of some relatively larger magnitudes in both designated boundary segments, the gravity-field DP procedure takes the routes one cell upper to obtain the shortest distance between the two sides. The area computed by the proposed procedure is 97.24% of the ground truth. In contrast the region by human tape measuring is 104.8%.
The adhesion location classification results
are qualitatively reasonable by eyeballing.
Classifying large transparent leukocytes present in the original photomicrograph lies beyond the range of this algorithm because current features confuse boundaries of the large leukocytes with authentic endothelial cell borders thus causing many false positives. Table 5 shows the quantitative location classification results generated by the proposed algorithm (the first number in each cell) and the three experts (the trailing three numbers in each cell). The corresponding precision, recall and F 1 scores are shown in Table 6 .
These results are slightly worse than those in Table 4 for Fig. 4 , especially the recall value. This indicates that the proposed algorithm missed relatively more true leukocytes for the reason given above. The quality as shown in Table 6 of the proposed algorithm is slightly worse than human experts but still comparable.
The above results demonstrate that the proposed algorithm achieved encouraging performances in adhesion location classification and quantification for both tumor cells and leukocytes from different experiments. To determine whether tumor cells prefer to adhere at the endothelial junctions rather than randomly adhere on the vessel surface, using the quantification approach as devised in Zeng et al.
14 and Cai et al., 2 we first measured the length of endothelial junctions per unit area for the microvessel shown in Fig. 4 , the averaged value is 107.9 ± 14.4 mm/mm 2 . This junction length is then expanded by half of the contact length (diameter) of an adherent cell, 3.1 lm, the band area is thus 33.4 ± 4.5% of the total area. If the cells just randomly adhered, the percentage of the cells adhered to junctions should be close to this value. However, the percentage of our classification results is 99.5% on the junctions as reported in Table 1 . For the 20 photomicrographs tested in Fig. 5 , the average percentage of the band area is 36.2 ± 3.7%, while the minimal percentage of cells adhered to junctions is 93.8%. For the photomicrograph showing endothelial cell boundaries and adherent leukocytes in Fig. 6 , the computed band area is 37.9 ± 2.4%, whereas the percentage of leukocytes adhered to junctions is >90%, similar to that originally reported in Zeng et al. 14 The statistical supports for the preferential adherence of tumor cells and leukocytes to endothelial junctions from all our test cases are overwhelming and thus significantly distinguishable from a random distribution.
DISCUSSIONS
In this paper we developed a new classification and quantification algorithm of cell adhesion locations on the endothelium. As demonstrated, within seconds, a laptop can satisfactorily perform the adhesion location classification and quantification from the noisy photomicrographs with tens to hundreds adherent tumor cells or leukocytes. Since the proposed algorithm always delivers the same classification and quantification results for the same task, it can avoid subjective errors that are inevitable by human experts. Our automatic classification and quantification method provides a reliable and cost and time effective approach for biomedical image processing. It can also be adapted to other types of biomedical images for a broader application, especially for images containing more complicated features. In this paper, only still photomicrographs were employed, equipped with algorithms developed in this paper and our previous work on video processing and analysis, 9 in the near future we will further process and analyze the time-lapsed images of cell adhesion, crawling, or transmigration dynamics in the batch mode to gain deeper insights into the dynamic, kinetic, and evolutionary properties of endothelial cells and tumor cells/leukocytes during tumor metastasis or leukocyte movement. So far more applications have been found by use of the algorithmic ideas developed here, such as lung cancer segmentation and motion tracking 11 for 4-dimensional computer tomography (4DCT), a sequence of time-lapsed 3DCT of human lungs within a breathing period, more work will be reported in the near future.
In addition, our classification and quantification algorithm can be applied to quantify the cell alignment under flow and calculate the aspect ratio of the original and deformed cell shape, to classify different cell types in brain images including neurons and various glial cells, and to identify the microvascular pattern in different tissues as well as under physiological and pathological conditions for the same tissue, to name a few.
